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Abstract 
Income inequality in the United States has increased substantially over the last four decades. 
This paper attempts to analyze the relationship between the small employers and income 
inequality (as measured by the Gini index). Other explanatory variables include the natural 
logarithm of real GDP, percentage of income from retirement income, percentage of income 
from social security, unemployment rate, percentage of population that identifies as a minority, 
percentage of population with a high school education, urban population share, and median age. 
A negative association between income inequality and small employers is hypothesized and 

















It is widely acknowledged by economists, political leaders, and the general populace that income 
inequality in the United States has increased dramatically over the last few decades. As the graph 
below represents, the Gini Index, a common measure of inequality, has increased over 20% from 











World Bank, GINI Index for the United States [SIPOVGINIUSA], retrieved from FRED, Federal Reserve Bank of St. Louis; 
https://fred.stlouisfed.org/series/SIPOVGINIUSA, March 22, 2021. 
The negative impacts of inequality are not difficult to intuitively understand. Kim, J., & Tebaldi, 
E. (2013) simplify its importance to two reasons. The first reason is that, according to Berg and 
Ostry (2011), countries that have more equal distributions of wealth and income tend to also 
have longer periods of growth. Inequality can contribute to social and political unrest, increasing 
inefficiency and slowing economic growth. Secondly, income inequality can be viewed 
negatively as a “social evil” which can have negative effects on the overall happiness of a 
country.  
The purpose of this paper is to assess the size and direction of small employer’s impact on 
income inequality using cross-sectional data and multiple linear regression. The hypothesis is 
that small employers contribute to a more equal income distribution (negatively impacting the 
Gini coefficient) and may therefore help combat rising income inequality. The economic and 
social rationale behind this is not only to contribute to our understanding of income inequality 
but also to identify a potential solution for local and federal policy to target when attempting to 
slow the growth of income inequality.  
 
II. Literature Review 
In order to study the widely acknowledged growth of income inequality, Hertz and Silva (2020) 
researched the effect of other income sources on the rising inequality within urban and rural 
America. The household income data was organized into rural/urban groups using between‐
group/within‐group decomposition to best analyze the impact of differences in average incomes 
on national income inequality. The research then calculates the impact of each individual income 
source on inequality. An income source is “regressively distributed” if that income source 
accounts for a large share of total income, is itself unequally distributed, and it is distributed in a 
way that reenforces the inequality of the distribution of other income. It will then make a large 
contribution to overall income inequality and increase the overall Gini coefficient. An income 
source is “progressively distributed” if lower-income households attribute more of their income 
to this source and it decreases the overall Gini coefficient. After plotting the contributions of 
various independent variables to the Gini coefficient, the increasing contributions of retirement 
and social security income stand out. From 1975-2015 retirement income, social security, and 
other cash transfers contributed 0.04 to the urban Gini coefficient and 0.05 to the rural 
coefficient (as large or larger than the contribution of wages and salaries). This identifies urban 
and rural residential areas, retirement income, and social security income as important 
contributing factors to wealth inequality.  
 
Hoffmann, Lee, and Lemieux (2020) also examine the contribution of the main explanatory 
factors behind the growth of income inequality in the last 40 years. Their study finds that a large 
portion of the growth in income inequality in the 2015-2018 is connected to education. Most of 
this contribution is derived from between-group and composition effects. The between-group 
effect is that the widening of the income gap between low-educated and low-educated workers 
results in a rise in between-group inequality. The composition effect is caused by a group 
growing in size, which by itself could result in more equality. The study found that increasing 
returns to education lead to a large increase in the between-group effect and accounted for 
something near one-third of the variance in income between 2015-2018. A variety of aspects of 
education appear to be the main force behind the growth of income inequality in the United 
States.  
 
Wu and Li (2018) completed similar research into additional factors that may contribute to the 
increasing income inequality in the United States. In their paper, they examine the factors of 
mobility and volatility that are not traditionally used in existing research. In order to do this 
analysis in a way that avoided the shortcomings of cross-sectional data, a longitudinal study was 
carried out using nationally representative data from the Panel Study of Income Dynamics 
(PSID). The study organized households into three age-controlled cohorts with a family head 
younger that 45 in the given decades: 1969-1980, 1981-1990, and 1991-2000. The cohorts were 
then divided into social classes based on income-to-mean ratio. The variation was calculated as 
the change of income up or down in a given time period. The mobility of the social class was 
calculated by dividing the average variance by the change in years. The mobility of a social class 
is the average change-of-status change of status per year for all of the households in that class. 
Using the Fokker–Planck equation to connect income distributions with the value of variation 
calculated earlier. The distributions of the mobility of the cohorts in the study show that despite 
growing income inequality, income mobility has remained constant over the last few decades. 
However, United States household income volatility has increased significantly since 1990. The 
study concludes that rising income volatility is a key contributing factor to the rise in income 
inequality in the United States. In creating a metric opportunity, calculated by the proportion of 
families in a cohort with increasing income out of all of the families in that cohort, and the 
decrease in opportunity over time, it is demonstrated that income inequality is positively 
correlated with volatility.  
 
Each of the referenced papers looks to better understand the causes of income inequality in 
general and the cause of income inequality in the United States over the last few decades. This 
paper will look at the impact of small employers, a variable not included in these papers, on 
income inequality.  Calculating the percentage of employees in a county that are employed by a 
small employer and exploring its relationship with the Gini coefficient through multiple linear 
regression will provide insight into the ability of small businesses to impact income inequality in 





To analyze and represent the relationship between small employers and income inequality, cross-
sectional per county data was gathered from the U.S. Census Bureau, Bureau of Economic 
Analysis, Bureau of Labor Statistics and the U.S. Labor Department.  The dependent variable in 
this analysis is the Gini coefficient of a given county in the United States, as the Gini coefficient 
is a summary measure of income inequality. The Gini coefficient equals 0 in the case of perfect 
equality and 1 in the case of perfect inequality. The 2019 per county Gini coefficient data was 
sourced from the U.S. Census Bureau. The main explanatory variable used was employees in a 
county that are employed by an employer that employs less than 20 people (<20 employer), as a 
percentage of total employees. This variable will sometimes be referred to as the relative size of 
small business employment. This variable was calculated as the percentage of employees 
employed by a <20 employer in a county instead of the percentage of <20 employers in a county 
because this would more accurately represent the size of a county population’s income 
dependence on <20 employers. The 2017 employment data was sourced from the U.S. 
Department of Labor. It is hypothesized that a larger portion of employees being employed by 
small businesses will decrease income inequality, giving this variable a negative coefficient. An 
initial scatterplot of the relationship between the Gini coefficient and relative size of small 













Figure 1 – Scatterplot of Gini coefficient vs. Relative Size of Small Business Employment 
In addition to this main variable, the other explanatory variables used were the natural logarithm 
of real GDP, percentage of income from retirement income, percentage of income from social 
security, percentage of population that is a minority, percentage of population with a high school 
education, unemployment, urban population share, and median age. These additional explanatory 
variables were used to strengthen the multiple linear regression model used to measure the 
ceteris paribus effect of relative size of small business employment on the Gini coefficient. 2019 
data for real GDP was taken from the Bureau of Economic Analysis. 2019 data for 
unemployment rates was taken from the Bureau of Labor Statistics. 2019 data for percentage of 
income from retirement income, percentage of income from social security, percentage of 
population that identifies as a minority, percentage of population with a high school education, 
urban population share, and median age was taken from the U.S. Census Bureau. A summary of 
each variable and its variable name is below in Table 1.  
 
Table 1 – Variable Descriptions 
The natural logarithm of real GDP was used to account for the output of each county adjusted for 
inflation. A higher logrealgdp indicates a county with a larger inflation adjusted economic 
output. It is hypothesized that a county with higher inflation adjusted economic output will also 
have higher income inequality given the identified trend of rising inequality, giving this variable 
a positive coefficient. To account for the portion of a county’s income that is retirement income, 
the variable retirement was calculated by dividing the county total retirement income by the 
county total income. A higher retirement explains that a county is more reliant on retirement 
income. As found by Hertz and Silva (2020), it is hypothesized that a county with higher portion 
of income being retirement income will experience higher income inequality, giving this variable 
a positive coefficient. To account for the portion of a county’s income that is social security 
income, the variable socialsecurity was calculated by dividing the county total social security 
income by the county total income. A higher socialsecurity explains that a county is more reliant 
on social security for income. Again, as found by Hertz and Silva (2020), it is hypothesized that 
a county with higher portion of income being social security will experience higher income 
inequality, giving this variable a positive coefficient. The percentage of the county population 
that identifies as a minority is represented by minorities. This variable is a measure of the density 
of minority groups in a county’s population. The percentage of the county population with high 
school as highest academic level of achievement is represented by highschool.  This variable is 
used as a measure for the significance of highschool educated workers in the county’s workforce. 
As found by Hoffmann, Lee, and Lemieux (2020), it is hypothesized that a larger level of 
educated workers will decrease inequality so the coefficient will be negative. The unemployment 
rate of a county is accounted for by the variable unemployment. This variable represents the 
number of unemployed people in a county as a percentage of the county’s labor force. To 
account for the urban population share of a county, the variable urban was created to represent 
the county population that lives in a designated urban area as a percentage of the total county 








The descriptive statistics for each variable can be found below in Table 2.  
 
 
Table 2 – Variable Descriptive Statistics 
Economic data was gathered for 3,139 counties and county equivalents in the United States, but 
64 counties and county equivalents had to be excluded due to insufficient data (list of the 
excluded is contained in Appendix A).  
 
Before creating each of the regression models in IV. Results, all Classical Linear Model 
assumptions were checked. Each of the Classical Linear Model assumptions is detailed below: 
 Assumption 1: The model is linear in parameters so that:  
  y = B0 + B1x1 + B2x2 + … + Bkxk + u 
 All of the models in IV. Results are linear in parameters and satisfy this assumption.  
 Assumption 2: Random sampling was used in data selection 
The data used was sourced from the data sources available and the only excluded data 
was excluded because of lacking the analyzed variables.  There was no method or 
consideration given to the selection of data, proving that it was random.  
 Assumption 3: No perfect collinearity in explanatory variables 
A table of correlation coefficients between the variables was used to check for perfect 
collinearity among explanatory variables. Assumption 3 is not violated by any of the 
explanatory variables because there are no perfectly linear relationships and no constant 
variables. The table of correlation coefficients can be found in Appendix B.  
 Assumption 4:  Zero conditional mean 
The value of the explanatory values in the model must not contain any information about 
the mean of the unobserved factors. This is difficult to assume so the results should be 
interpreted with caution.  
 Assumption 5: Homoskedasticity  
The value of the explanatory variables must not contain any information about the 
variance of the error term. This is also difficult to assume so the results should be 
interpreted with caution. 
Assumption 6: Normality of error terms 
The normality of the error term was tested by a plot of the error distribution. The plot 
shows some indication of non-normality so Assumption 6 may be subject to question. 
The plot of the error distribution can be found in Appendix C.  
 
IV. Results 
Several regression models were created to test the hypothesis. The full STATA regression 
outputs can be found in Appendix C.  
 
Model 1:  
A simple linear regression model to represent the relationship between the Gini coefficient and 
the percentage of employees in a county that are employed by an employer that employs less 
than 20 people (<20 employer). The model is written as: 
Model 1: gini = B0 + B1(smallbiz) + u 
The number of observations in the model is 3,075 counties and county equivalents. From the 
STATA regression output, the estimated equation is:  
Estimated Equation 1: gini = 0.4564 - 0.0413(smallbiz) 
 
Model 1 has an R-squared value of 0.0183, indicating a weak correlation between the Gini 
coefficient and the percentage of employees in a county that are employed by an employer that 
employs less than 20 people (<20 employer). The smallbiz coefficient has a negative sign, as 
predicted earlier, and is significant at the 1% level. This means that a 1% increase in the 
percentage of employees in a county that are employed by an employer that employs less than 20 
people (<20 employer) results in a decrease of 0.000413 in the Gini coefficient.  
 
 Model 2:  
A multiple linear regression that incorporates all variables in order to better explain the variation 
in the Gini coefficient.  The model is written as: 
Model 2:  
gini = B0 + B1(smallbiz) + B2(logrealgdp) + B3(retirement) + B4(socialsecur) + B5(minorities) + 
B6(highschool) + B7(unemployment) + B8(urban) + B9(medage) 
The number of observations in the model is 3,075 counties and county equivalents. From the 
STATA regression output, the estimated equation is: 
Estimated Equation 2:  
gini = 0.3961 - 0.0165(smallbiz) + 0.0026(logrealgdp) + 0.2174(retirement) - 
0.0589(socialsecur) + 0.0709(minorities) – 0.1115(highschool) + 0.3413(unemployment) - 
0.00361(urban) + 0.0002(medage) 
 
Model 2 has an R-squared value of 0.2114, indicating a moderately weak, but stronger, 
correlation between Gini coefficient and the percentage of employees in a county that are 
employed by an employer that employs less than 20 people (<20 employer). The smallbiz 
coefficient -0.0165 is smaller than the coefficient -0.0413 in the simple regression model, 
indicating that adding explanatory variables reduced the simple regression’s overestimation of 
the impact of the percentage of employees in a county that are employed by an employer that 
employs less than 20 people (<20 employer) on the Gini coefficient due to omitted variable bias. 
This means that a 1% increase in the percentage of employees in a county that are employed by 
an employer that employs less than 20 people (<20 employer) results in a decrease of 0.000165 
in the Gini coefficient. Urban and medage are individually insignificant, smallbiz and 





Model 3:  
A multiple linear regression that incorporates all variables, excluding urban and medage, in 
order to better explain the variation in the Gini coefficient. This model does not incorporate 
urban because urban has a p-value of 0.291, indicating that it is not individually significant. This 
model does not incorporate medage because medage has a p-value of 0.292, indicating that it is 
not individually significant. The model is written as: 
Model 3:  
gini = B0 + B1(smallbiz) + B2(logrealgdp) + B3(retirement) + B4(socialsecur) + B5(minorities) + 
B6(highschool) + B7(unemployment) 
The number of observations in the model is 3,075 counties and county equivalents. From the 
STATA regression output, the estimated equation is: 
Estimated Equation 3:  
gini =0.4029 - 0.0122(smallbiz) + 0.0023(logrealgdp) + 0.2318(retirement) – 
0.0514(socialsecur) + 0.0699(minorities) – 0.1066(highschool) + 0.3281(unemployment) 
 
Model 2 has an R-squared value of 0.2107, indicating a moderately weak correlation between 
Gini coefficient and the percentage of employees in a county that are employed by an employer 
that employs less than 20 people (<20 employer) that is not stronger than Estimated Equation 2. 
This means that a 1% increase in the percentage of employees in a county that are employed by 
an employer that employs less than 20 people (<20 employer) results in a decrease of 0.000122 
in the Gini coefficient. Smallbiz and socialsecur are significant at the 10% level, and all of the 










Table 3 is a summary of the three linear regression models discussed in the pages above.  
 
Table 3 - Summary of regressions 
V. Extension 
F-tests: 
In the analysis of Model 2, we found that urban and medage were individually significant at the 
1%, 5%, and 10% levels. To conclude that they are jointly insignificant we must perform a joint 
F-test on urban and medage. Our assumptions for this model are: 
 
H0: B8 = 0, B9 = 0 against H1: H0 is not true 
 
Model 2 will be used as our unrestricted model and Model 3 as our restricted model. The 
equation that will be used to conduct the F-test is below: 
(SSRr – SSRur)/q 
SSRur /(n – k - 1) 
The F-value of this test is 1.383. The critical value for the 10% level with 3,075 observations is 
2.30. The critical value is larger than the F-value, so we cannot reject H0 and must conclude that 




After constructing the three multiple linear regression models above, the original hypothesis is 
supported. Despite the models not having large R-squared values, the smallbiz variable had a 
negative coefficient and a p-value of <0.1 demonstrating its individual significance. Although the 
magnitude of the coefficient of smallbiz is small, a 1% change in small employer employment 
decreases the overall Gini coefficient by 0.0122%. This change is even more significant when 
put into context of the United States Gini coefficient. The overall United States Gini Coefficient 
is 0.415 and has increased by 0.06 over the last four decades; therefore, a 1% change in small 
employer employment creating a reduction of 0.000122 is an impact worth noticing. The models 
all can improve drastically by explaining more of the variance of the Gini coefficient. Every 
variable used in this research except urban and medage proved to be individually significant but 
additional variables like industry concentration could be added to potentially increase the R-
squared value. Income inequality is an increasingly pressing issue in the United States and 
additional research into employers that naturally distribute income more equally could be part of 




































Appendix D. Regression model outputs 
 
















































ACS DEMOGRAPHIC AND HOUSING ESTIMATES. Explore Census Data. (2019). 
https://data.census.gov/cedsci/table?q=minority+population&tid=ACSDP1Y2019.DP05.  
Age and Sex. Explore Census Data. (n.d.). 
https://data.census.gov/cedsci/table?q=Age+and+Sex&t=Class+of+Worker&g=0100000U
S.050000_0400000US01.050000&tid=ACSST1Y2019.S0101&hidePreview=true.  
ANNUAL ESTIMATES OF THE RESIDENT POPULATION: APRIL 1, 2010 TO JULY 1, 2019. 
Explore Census Data. (n.d.). 
https://data.census.gov/cedsci/table?q=urban+population+share&g=0100000US.050000&y
=2019&tid=PEPPOP2019.PEPANNRES.  
Berg, A. & Ostry, J. (2011). Inequality and unsustainable growth: two sides of the same coin?. 
IMF Staff Discussion Note, SDN/11/08. 
 
Bureau, U. S. C. (2020, September 15). Income and Poverty in the United States: 2019. The 
United States Census Bureau. https://www.census.gov/data/tables/2020/demo/income-
poverty/p60-270.html.  
Explore Census Data. (2019). 
https://data.census.gov/cedsci/table?q=minority+population&tid=ACSDP1Y2019.DP05. 
GDP by County, Metro, and Other Areas. U.S. Bureau of Economic Analysis (BEA). (2019). 
http://www.bea.gov/data/gdp/gdp-county-metro-and-other-areas.  
 
Hertz, T., & Silva, A. (2020). Rurality and Income Inequality in the United States, 1975–2015. 
Rural Sociology, 85(2), 436–467. https://doi.org/10.1111/ruso.12295 
 
Hoffmann, F., Lee, D. S., & Lemieux, T. (2020). Growing Income Inequality in the United 
States and Other Advanced Economies. Journal of Economic Perspectives, 34(4), 52–78. 
https://doi.org/10.1257/jep.34.4.52 
 
Kim, J., & Tebaldi, E. (2013). Trends and sources of income inequality in the united states. The 





Pew Hispanic Center. (2008). 2007 Hispanic Healthcare Survey [Data file and code book]. 
Available from Pew Hispanic Center Web site: http://pewhispanic.org/datasets/ 
SELECTED ECONOMIC CHARACTERISTICS. Explore Census Data. (2019). 
https://data.census.gov/cedsci/table?q=retirement+income&t=Class+of+Worker&g=04000
00US01.050000&tid=ACSDP1Y2019.DP03&hidePreview=true.  
SELECTED POPULATION PROFILE IN THE UNITED STATES. Explore Census Data. (2019). 
https://data.census.gov/cedsci/table?q=Education&t=Class+of+Worker&g=0100000US.05
0000_0400000US01.050000&tid=ACSSPP1Y2019.S0201&hidePreview=true.  
U.S. Bureau of Labor Statistics. (n.d.). Local Area Unemployment Statistics Home Page. U.S. 
Bureau of Labor Statistics. https://www.bls.gov/lau/.  
  Wu, Huixuan. (2018). Mobility and volatility: What is behind the rising income inequality in 
the United States. Physica A, 492. 
 
 
 
 
